A generalised Neural-Fuuy interpretation model combining the advantages of neural networks and fuzzy logic as an interpretation tool for well-log data analysis is reported in this paper. The model makes use of an artificial neural network to learn the underlying function from a set of training data and then it is used to generate a fizzy rules-based model. The fuzzy rules-based model enables a log analyst to gain a better understanding of the model. Furthermore, the rule set may be manipulated to modifr the pelformance of the model by incorporating the experience or knowledge of the analyst. However, the number of fuzzy rules generated can be very large. A method is proposed to substantially reduce this number to suit the conditions of the well under investigation. This' allows easier interaction between the operator and the model while maintaining prediction accuracy.
INTRODUCTION
A key issue in reservoir evaluation is the prediction of petrophysical properties such as porosity, permeability and volume of clay from well log data. Normally, boreholes are drilled at different locations around an exploration site. Well logging instruments are then lowered into the borehole to collect well-log data at different depths. In addition, samples are taken at various depths to undergo extensive laboratory analysis and to provide detailed information about the petrophysical properties at the corresponding depth. The data collected are termed "core data". The objective of well-log analysis is to establish an accurate interpretation model for the prediction of petrophysical properties for uncored depths and boreholes around the region of these measurements [2, 3] . Such information is essential to the determination of the economic viability of the continual work on a particular well or region to be explored. . When used as an interpretation model, the well-log data are applied as inputs so that the BPNN generates outputs corresponding to the required outputs such as porosity and permeability. As a BPNN is a supervised network, a set of input and output vectors is needed to train the network by a learning algorithm such as the error back-propagation algorithm [6] . Once trained, the network is used as a model to predict subsequent inputs at different depths or boreholes around that region.
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Although the application of neural networks has been successful, they do have some disadvantages. Once a network is trained, the model is just a black box to which the user has no access to the learned knowledge in an explicit way. It is also very difficult to interactively manipulate such a model and so influence its behaviour in order to incorporate any prior knowledge that may have been gained.
To this end, a Fuzzy Logic System (FLS) based on heuristic knowledge seems to be a more appropriate solution as a log analyst can examine the fuzzy rule base to manipulate the prediction characteristics of the model. However, setting up the fuzzy rules can be a very tedious process, especially when a large number of input parameters are involved. Furthermore, a heuristic-based rule set has no ability to learn from the training data and it is also difficult to ensure a good generalisation capability.
A new approach, the Generalised Neural-Fuzzy Interpretation system, has been proposed to address the disadvantages of both methods [7] . While it provides accurate predictions, the fuzzy rule base is very large as the number of rules generated is directly related to the number of input parameters and membership functions. This discourages interaction as reviewing the rule base is both too time consuming and confusing for a log analyst.
As the purpose for generating fuzzy rules from the generalised underlying function of the core data is to allow user interaction, an approach to reduce the fuzzy rule base is needed. A method is proposed to achieve this for which a typical case study shows a reduction of up to 95% in the number of rules without any impact on prediction accuracy.
THE NEURAL-FUZZY WELL LOG DATA INTERPRETATION MODEL
What makes neural networks particularly suited to well-log data analysis is their ability to learn and generalise. However, it is often difficult to obtain the best generalisation function from the training data especially when the data set contains substantial amount of noise. A major problem is overfitting which occurs when the network begins to memorise all training data including the noise. A SOM data-splitting early-stopping validation technique has been proposed [8] for a BPNN to ensure a better generalisation capability. The SOM divides the available data into training and validation sets and ensures the training set covers the whole sample space of the available training data. It also ensures that the validation set used in stopping the training process will provide better generalisation ability for the trained network.
An interactive mode of operation is desirable in this form of analysis as it allows a log analyst to modify responses in accordance with experience or additional knowledge. This requires the generalisation knowledge underlying the trained BPNN interpretation model to be extracted so that the log analyst can examine the behaviour of the interpretation process. However, this information is embedded in the connecting weights of the network and they are difficult to comprehend. A way of overcoming this is to express that knowledge through fuzzy rules. Hence, the BPNN interpretation model becomes a means for generating the training data for a self-generating fuzzy system [9] .
An analysis procedure is proposed as follows. After the number of memberships required for the fuzzy system is determined, input variables for all possible memberships are generated and applied to a BPNN interpretation model. The outputs generated cover the universe of discourse of the sample space. The set of generated input variables with their corresponding outputs from the BPNN model are now used as the training data for a selfgenerating fuzzy system. As this data set also describes the generalisation function underlying the BPNN interpretation model, the fuzzy rules produced will encapsulate the required knowledge.
Training that self-generating fuzzy rule system proceeds as follows. The space associated with each fuzzy term over the universe of discourse for each variable is calculated based on an equal distribution. For each available training data, a fuzzy rule is established by directly mapping the output value of the variable to the corresponding fuzzy membership function. Any redundant rules are eliminated.
The resultant fuzzy rules now becomes the prediction model used for subsequent processing.
Any new incoming well-log data are first normalised and then fuzzified according to the predefined membership functions. The results are then applied to the fuzzy rule-base in order to derive the output in fuzzy form. A centroid defuzzification algorithm is applied to generate a crisp output from this well log interpretation model.
REDUCED FUZZY RULE BASE
This interpretation model uses fuzzy rules to define fuzzy patches in the input-output state space that describe the generalised underlying function relating well-log to core sample data. The prediction accuracy will normally improve as the fuzzy rule patches increase in number and become more refined in the fuzzy membership functions. However, the fuzzy rules grow exponentially with the increase in the number of membership functions. Further, the number of rules also increases exponentially with the number of input well logs. The maximum number of rules relating the number of fuzzy membership and number of variables is given below.
Number of fuzzy rules = M'
where M = number of memberships I = number of input logs For 4 input logs and 7 membership functions, there will be 2401 fuzzy rules in total. Obviously, it is impractical for any log analyst to manipulate such a high number of rules.
Based on the neural-fuzzy rule interpretation model, the unknown well log data are applied to generate a prediction of the corresponding output values. When the process of prediction is examined, it can be found that not all the fuzzy rules of the system are used in arriving at the prediction results.
As log data is normally measured around the region of the borehole, the distribution of the prediction space will only cover part of the generalised underlying function.
The total rule base of the interpretation model may therefore be viewed as a Generalised Fuzzy Library Two tests were performed. In the first, the for the model. The fired rules actually used in a Generalised Fuzzy Library with all the 2401 fuzzy given prediction therefore forms a reduced fuzzy rules was used to infer results for the testing well. rule base. As these are the only rules that matter,
In the second, only the fired fuzzy rules of test 1 they should only be made available to the log were used to infer results for the testing well. These analyst to represent the characteristics of the given form the Reduced Fuzzy Rule Base set. borehole. Given that the reduced base is much smaller, the log analyst can now examine and
RESULTS AND DISCUSSION
manipulate the prediction performance with comparatively less effort.
In practice, all data for a reservoir is used to build a Generalised Fuzzy Library and so act as a collective function for predicting all boreholes within a region. After it is built, then it may be used to predict each individual borehole. With the fired using triangular membership functions. Figure 1 shows the universe of discourse. After extraction, a Generalised Fuzzy Library was formed for this reservoir with 7 fuzzy membership functions and resulted in 2401 fuzzy rules.
The predicted results from the second well were compared to the available core data of that well. Differences are expressed using the normalised Mean Square Error (MSE):
fuzzy rules extracted out, individual reduced fuzzy MSE =
rule bases specifically allocated to each individual 2P well can also be constructed. Most of the time, the characteristics of the borehole will only cover certain parts of the population distribution of the Generalised Fuzzy Library, thus a given reduced fuzzy rule base can be used to best describe the The number of times a fuzzy rule fired was also function in a particular borehole. When recorded for the first test. Those fuzzy rules fired investigating that borehole, an analyst can then more than once were then extracted to form a focus on the characteristics presented by the reduced fuzzy rule base for that predicted well. The reduced fuzzy rule base alone.
second test used this rule base to make another prediction and again MSEs were determined. Table 1 shows a comparison of the results obtained A model created from measurements of two from the two tests. The fuzzy rules rneaningful to boreholes will be used to illustrate the proposed infer results for the testing well are reduced from approach to reducing the number of fuzzy rules.
ACASESTUDY
2401 to 124, a reduction of about 95%. Table 1 also Data from four well logging tools provided inputs shows that prediction accuracy is not affected. The to creating the model in the form of data fuzzy inference time, though, is greatly reduced. measurements of bulk density (MOB), neutron gamma ray penetration (GR). The petrophysical property of interest in this case was volume of clay (VCL). The presence of clay has an important effect on the permeability that governs the ease of extraction of fluid. In addition, it also affects the properties in well log interpretation. A total of 289 core data values for the first borehole were used in training. A total of 140 core data values for the second borehole were then used as a "blind test" to benchmark the performance of the interpretation model. All data was normalised between 0 and 1.
The training well was used to train and extract the fuzzy rules that best describe the generalised underlying function. Seven membership functions were selected where they were distributed evenly where Tp = actual core data Op = predicted core data P = number of data density ("HI), uninvaded resistivity (RT) and Figure 2 shows part of the reduced fuzzy rule base. Figures 3 and 4 shows the cross-plot of results from tests 1 and 2. They again show that there is no difference in the predictions from the two systems.
This small number of fuzzy rules enables a log analyst to narrow their examination to those rules that are critically important. These can be easily manipulated in order to take account of the analyst's experience and knowledge of the borehole to modify the prediction characteristics of the testing well.
If 
CONCLUSION
A neural-fuzzy well log interpretation model provides log analysts with a reliable tool that can learn the generalised underlying function between well-log instrument and core sample data is reported. It provides a set of human understandable fuzzy rules that describes the underlying function of the data. In well log analysis, it is desirable for an analyst to examine these fuzzy rules and to be able to understand how the system predicts. In addition, the analysts would like to be able to manipulate and to include additional fuzzy rules which incorporate their experience or knowledge. An original problem with the neural-fuzzy approach is that a model with a number of boreholes and log inputs will generate an extremely large fuzzy rule base. This paper proposes a simple method of forming a reduced fuzzy rule base that is easier to handle and manipulate. There is no loss of prediction accuracy and it requires a much reduced inference time. This approach also provides the log analyst with a better focus on each individual borehole under study.
